In this work the technique of fluorescence spectroscopy was investigated as a tool to measure the main variables of interest in the production of ethanol from sugarcane juice. In order to do that, a methodology for the construction of chemometric models based on the intensities presented by excitation/emission pairs in the fluorescence spectra was proposed and tested. The results indicate that it is a promising technique, but still demanding further studies about the influence of broth composition in the spectra and how to take it into consideration in the chemometric modeling.
INTRODUCTION
First generation bioethanol production in Brazil is in a mature stage of development. In 2009, about 27 millions m 3 of ethanol were produced in Brazil (Unica, 2011) , most of it in fed-batch operation. It still happens once fed-batch is considered "safer" than continuous operation, mainly because if some problem occurs (like high level of contamination), only one fermenter shuts down, instead of the full site. Another reasons is that usually, the measurement of key variables (biomass, sugar and ethanol) is done only off-line and few times a day, resulting in the lack of basic composition control, leading to bad performance and, consequently, the discontinuation of continuous operation. Therefore, the main objective of this work is to verify if it is possible to measure on-line concentrations of sucrose, ethanol, biomass and glycerol (by-product in alcoholic fermentation) applying fluorescence technique.
Optical sensors present inherent advantages, such as: noninvasive measurements, high specificity and sensitivity. All these characteristics favour this technique to be applied in online biosensors (Skibsted et al., 2001) . At the beginning, this kind of sensor was based on just one wavelength of excitation and emission, which restricted the measurement to only one fluorophore, providing limited information about the process (Zabriskie and Humphrey, 1978) . With the development of multi-wavelength fluorescence sensors, it became possible to monitor several fluorophores simultaneously, such as tryptophan, vitamins (pyridoxine, riboflavin) and coenzymes (NADH), among others, by two-dimensional fluorescent spectroscopy (Li and Humphrey(1991) , and Hitzmann et al.(1998) ). It is important to remember that a full spectra, depending on the resolution, contains a lot of information, but only some of them can be related to the desired quantities. In order to do that, chemometric models can be used to determine the relationship between fluorescence data and the process variables one wants to measure (Boehl et al., 2003) . Among the chemometric modelling techniques usually applied in data processing, can be cited Partial Least Squares (PLS) (Hagerdon et al., 2003) , Principal Component Regression (PCR) (Christensen et al.(1995) , Solle et al.(2003) ) and Neural Networks (Wolf et al., 2001 ).
The use of 2D fluorescence spectroscopy as a tool for on-line monitoring is still being studied (Kara et al.(2010) , Surribas et al.(2006) and Ganzlin et al.(2007) ). With on-line analysis methods, reaction systems can be monitored faster and more efficiently than with conventional methods. On-line analysis techniques enable also production control in order to enhance procedures and processes, as well as for quality control, resulting in improved ecologic and economic process management (Kara et al., 2010) .
Limited work has been published about on-line monitoring of industrial ethanol production (Ödman et al., 2009 (Ödman et al., , Haack et al., 2004 applying fluorescence. Moreover, in this work the yeast was grown in very different media, for example, from sugarcane and/or mixtures with molasses, which can contain in their composition unknown fluorescent compounds, that can interfere in the measurements. Therefore, our main objective is to evaluate the feasibility of this technique in the on-line monitoring of industrial fermentation processes for ethanol production, by the yeast Saccharomyces cerevisiae, adjusting chemometric models for prediction of system states, by selecting pairs of narrow wavelengths of excitation/emission. First details about the fluorescence measurement and cultivations are given. Then, the chemometric modelling procedure is presented, followed by the achieved results. Finally, the conclusions are presented as a guide for future work.
MATERIALS AND METHODS

Fluorescence Measurement
According to Lakowicz (2006) "luminescence is the emission of light from any substance, and occurs from electronically excited states. Luminescence is formally divided into two categories-fluorescence and phosphorescence-depending on the nature of the excited state. Fluorescence occurs in excited singlet states, where the electron in the excited orbital is paired (by opposite spin) to the second electron in the ground-state orbital. Consequently, return to the ground state is spin allowed and occurs rapidly by emission of a photon". The emitted light has less energy (longer wavelength) than the absorbed radiation (Holler et al., 2009) .
Sensors based in fluorescence phenomenon have been used in biotechnology for different applications in the lasts years, generally based on the measurement of NAD(P)H . Biogenic fluorophores such as proteins, coenzymes, and vitamins can simultaneously be detected qualitatively and quantitatively inside and outside the cells. This optical method is non-invasive, suitable for in vivo measurements and with low dead time, ideal to be used as a source of information for process control .
The laboratory studies were performed with spectrofluorometer Fluoromax-4 ® (Horiba Scientific). It is connected by a 1-m bifurcated fiber-optic bundle (Horiba Scientific) to a glass window of a 1.5L steel vessel bioreactor (self-made) ( Figure 1) . A continuous source of light shines onto an excitation monochromator, which selects a band of wavelengths. The monochromatic excitation light is directed onto a sample, which emits luminescence. This luminescence is directed into a second, emission monochromator, which selects a band of wavelengths, and shines them onto a detector. The signal from the detector is reported to a system controller and host computer, where the data can be manipulated and presented, using the software Fluoressence ® (Scientific, 2009) . The excitation light is emitted from 240 to 600 nm, while the emission intensity is recorded from 300 to 720 nm, both in steps of 20 nm.
Strain and media
In order to reproduce the industrial environment it was used one of the most industrially applied strain of Saccharomyces cerevisiae in Brazil -strain CAT-1 (LNF Latino Americana) -grown in previously treated sugarcane juice (Harmonie Schnaps, Harmonia -RS, Brazil), without any supplementation.
The sugarcane juice treatment has the following objectives (Alcarde, 2011) : (1) eliminate coarse impurities (sand, small bagasse parts), which can increase wearing and equipment damage; (2) maximal elimination of colloidal particles, responsible for increasing the foam formation and difficulties for ferment recuperation; (3) preservation of nutrients, vitamins, sugars, phosphates, mineral nutrients, free aminoacids, all needed for yeast metabolism; and, (4) minimization of microbial contaminants, which compete with the yeast for substrate and can produce toxic metabolites, reducing the efficiency and viability of yeast.
Sugarcane juice was treated adapting the procedure described in Pulzatto (1995) : first, hydrated lime (Ca(OH) 2 , 10 % [m/v]) is added to filtered sugarcane juice until its pH reaches between entre 7 and 7.4. Then, the juice is boiled during 15 minutes. After centrifugation (2000 g, 15 minutes), the supernatant is separated and its o Brix is measured. The pH is adjusted to 4.5 with HCl 10M and, finally, the broth is boiled again for 15 minutes. Note that we tried to reproduce industrial conditions; therefore, the broth is not sterilized. (1998)).
Culture conditions and bioprocess set-up
Cultivations were carried out in a 2L bioreactor, with useful volume of 1.5L. As the sugarcane processing industry does not use to control the pH, we only set the initial pH. The temperature was controlled in 31 o C. The stirrer speed was set to 300 rpm.
Analytical methods
Biomass (dry weight) was determined gravimetrically, after filtering in glass fibber filters with pores of 0.6 μm. Sugar, ethanol and glycerol were determined by liquid chromatography (HPLC Perkin Elmer, Rezex RHM column).
CHEMOMETRIC MODEL
For chemometric modelling only one experimental data was used. This fermentation lasted around 12 hours. During the experiment, samples were collected for off-line characterization, as previously described, in sampling 8th IFAC Symposium on Advanced Control of Chemical Processes Furama Riverfront, Singapore, July 10-13, 2012 intervals of one hour, totalizing 12 off-line points. Fluorescence spectra were collected during the cultivation with sampling intervals of 9 minutes, totalizing 79 fluorescence spectra, used here as on-line measurements.
The difference between the amount of information provided by spectrofluorometer and off-line measurements implies in the application of interpolation techniques, in order to have the same amount of both. This process permits the association of each spectrum with an off-line measurement (concentrations of biomass, ethanol, sucrose and glycerol), improving both the analysis of fluorescence pairs and chemometric modelling.
In Figure 2 can be seen the experimental data (determined by HPLC or gravimetric method) and the interpolation points (obtained using Interpolant Spline technique, Matlab®). The interpolated data are divided in two groups, one used to estimate the parameters (70% of corresponding data) and a second group used to test the chemometric models (30%). The models can be separated in two main groups: those that use all spectra information and the ones that use only a limited amount of fluorescence pairs.
In this work, it was chosen to develop chemometric models based only on a few number of fluorescence pairs. This choice was based on fact that measurements of an entire matrix of fluorescence require a spectrofluorometer or equivalent, while the data acquisition of a few number of fluorescence pairs is fast and can be made using simple and cheaper and customized fluorescence analysers.
The proposed methodology is based in six steps, as can be seen in Figure 3: (1) the experimental data is selected and, if necessary, interpolations are done, in order to achieve the same amount of off-line data and fluorescence spectra; (2) the linear dependence of fluorescence pairs and process states is evaluated; (3) based on step 2, the pairs are ranked according to its sensitivity (indicated by determination coefficient) with each state; (4) in this step the structure of the model (such as, linear, 2 nd or 3 rd order) and also the number of pairs Ex/Em are chosen; (5) based on the experimental data, the parameters are estimated; and, (6) the models presenting the best results are selected. After all, these models should be tested using another group of experimental data.
In order to predict the states (biomass, sucrose, ethanol and glycerol) using fluorescence information, chemometric models are proposed and adjusted, using only a few number of fluorescence pairs. As a fluorescence spectrum is composed by a lot of pairs excitation/emission (Ex/Em) wavelengths, it allows the development of several different kinds of chemometric models, all obtained by standard regression technique and, in this work, without using PLS methodology. The choice of this methodology of parameters estimation was based on fact that all model structures are linear combination of fluorescence pairs and there isn't strong correlation between the independent.
The coefficient of determination, R 2 , was applied in steps 3 and 6, as a metric for the selection of fluorescence pairs and the order of chemometric models, respectively. Sum of quadratic errors was also tested, but R 2 was better to quantify the model quality. 
RESULTS AND DISCUSSION
Before applying the proposed methodology, the qualitative characteristics of fluorescence data were analyzed. Since the beginning of the cultivations, the spectrum presents only one peak, indicating the high influence of the medium in the fluorescence data. Due to the complexity of sugarcane and molasses, used in ethanol industrial production, unknown compounds can show fluorescence, masking the variation associated with the fermentation itself. Therefore, in this 8th IFAC Symposium on Advanced Control of Chemical Processes Furama Riverfront, Singapore, July 10-13, 2012 work two types of fluorescence data were tested: the first uses direct information of fluorescence spectrum (from now on called spectra Type 1), while in the second the average of the 2 first spectra are subtracted from the others, resulting in relative spectra (from now on called spectra Type 2).
All spectra show a peak in a region limited between 350nm/500nm for excitation wavelength and 350nm/550nm for emission wavelength. Figure 4 presents a fluorescence spectrum taken at 10.5 hours of cultivation, and clearly shows the occurrence of a peak in that region, indicating that all significant fluorophores emit fluorescence in the same region, what can make difficult the selection of fluorescent pairs and sensitivity of chemometric models. Figure 5 shows the same point in time, but now a relative spectrum (Type 2). The peak position is in the same region, but with less intensity, indicating that the broth really masks the fluorescence of interest fluorophores. This phenomenon can lead to undesirable difficulties if the medium composition changes among fermentations. In this case, the chemometric model will wrongly associate it as a change in the yeast metabolism, increasing the prediction errors. Figure 5 . Relative intensity fluorescence spectra of S. cerevisiae cultivation in sugarcane broth, after 10.5 hours -Spectra Type 2.
Following the procedure described in Figure 3 , all off-line measurements -sucrose, biomass, ethanol and glycerolwere selected to develop the chemometric models (Step 1). The second step consists in associating the dynamic variation in fluorescent intensity with the interpolated off-line measurements, as shown in Figure 6 , where the regions represented in red presented bigger linear correlation with each state (
Step 2). Based on this result, the fluorescence pairs can be then ranked, for each variable (Step 3). Starting in regions with greater correlation, for each state, chemometric models are fitted for one, two or three fluorescence pairs, using quadratic and linear terms, as well as combinatorial effects among the pairs (Steps 4 and 5) .
The linearity of model, in relation to parameters, allows the model fit, performing a algebraic system resolution, what contains analytical solution. Otherwise, non-linear optimization algorithms should be applied, leading to an increase in the solution time. ) between the states (F -Fit data; T -Test data) and inferences using chemometric models, with one, two or three componentsSpectra Type 1. The results presented in Table 1 indicate that models composed by three pairs of fluorescence are better (i.e., R 2 close to 1) than models with one or two fluorescence pairs, both in fit and test sets. Therefore, the models with 3 pairs were selected and the fitting and prediction results can be 8th IFAC Symposium on Advanced Control of Chemical Processes Furama Riverfront, Singapore, July 10-13, 2012 seen in Figure 7 . It shows the ethanol concentration prediction, exemplifying the better capability of models compound by three fluorescence pairs in the prediction of key variables in bioprocesses (Steps 5 and 6). In this figure, increasing the number of fluorescence pairs, there is an improvement in the prediction capability, characterized by the approximation of prediction points in relation to the measured points.
Number of Fluorescence
As can be seen in Figure 7 , specifically for ethanol, the decrease in the coefficient of determination shown in Table 1 is caused by three specific points that show a significant error, when compared to the other points of the test set. Even though, the general quality and reliability of prediction are improved. The analysis of fluorescence spectra Type 2 (relative spectra) generated equivalent results for the experimental data used in this work. However, if data of several batches with distinct medium compositions are available, the use of spectra Type 2 will be essential to apply the methodology discussed in this work. Table 2 present the fluorescent pairs used in chemometric modelling, for each process variable. The selection process indicates that the same group of pairs are able to characterize the concentrations of glycerol and sucrose, and also ethanol and biomass. This result is in agreement with the observation of a single peak in the fluorescence spectra.
Chemometric models, with the 3 pairs Ex/Em presented in Table 2 , were used to predict the concentrations of biomass, sucrose, ethanol and glycerol. A comparison among the measured and predicted values can be seen in Figure 8 . Note that in the cultivation the biomass concentration varies only in a narrow range. Therefore, despite the fitting for biomass has presented the worst result, the comparison in Figure 8 shows a good agreement between prediction and measurements. Fluorescence Pairs Biomass Ex480/Em520 Ex440/Em540 Ex480/Em500 Ethanol Ex480/Em520 Ex440/Em540 Ex480/Em500 Sucrose Ex480/Em540 Ex460/Em480 Ex460/Em520 Glycerol Ex480/Em540 Ex460/Em520 Ex460/Em480 
CONCLUSIONS
The results for characterization of fermentations with sugarcane broth and S. cerevisiae indicated that the region between 440 -480 nm for excitation and 480 -520 nm for emission wavelengths is enough to infer the concentration of sucrose, ethanol, biomass and glycerol in fermentative broth, even with fluorescence spectra presenting only a dominant peak.
Chemometric modelling for states prediction presented good results, inferring state variables in a fermentation of industrial medium with S. cerevisiae. However, the process of fluorescent pairs selection indicate that a restrict region of spectra is associated with all states. This characteristic corroborates the idea of dependence among states.
The occurrence of only a single fluorescence peak is not expected. This fact is attributed to the complexity of fermentation broth, which could generate problems when chemometric models will be applied in different process, mainly due to variability of media composition and properties. In each case, this influence should be investigated and classified as significant or negligible. To evaluate the media effect on fluorescence, other cultivations should be done and accompanied with fluorescence spectroscopy. Methodologies to treat fluorescence data, able to take into consideration the effect of broth composition should also be studied and tested, to enable the application of chemometric characterization in different industrial process.
